Anonymity forms an integral and important part of our digital life. It enables us to express our true selves without the fear of judgment. In this paper, we investigate the different aspects of anonymity in the social Q&A site Quora. The choice of Quora is motivated by the fact that this is one of the rare social Q&A sites that allow users to explicitly post anonymous questions and such activity in this forum has become normative rather than a taboo. Through an analysis of 5.1 million questions, we observe that at a global scale almost no difference manifests between the linguistic structure of the anonymous and the non-anonymous questions. We find that topical mixing at the global scale to be the primary reason for the absence. However, the differences start to feature once we "deep dive" and (topically) cluster the questions and compare the clusters that have high volumes of anonymous questions with those that have low volumes of anonymous questions. In particular, we observe that the choice to post the question as anonymous is dependent on the user's perception of anonymity and they often choose to speak about depression, anxiety, social ties and personal issues under the guise of anonymity. We further perform personality trait analysis and observe that the anonymous group of users has positive correlation with extraversion, agreeableness, and negative correlation with openness. Subsequently, to gain further insights, we build an anonymity grid to identify the differences in the perception on anonymity of the user posting the question and the community of users answering it. We also look into the first response time of the questions and observe that it is lowest for topics which talk about personal and sensitive issues, which hints toward a higher degree of community support and user engagement.
Introduction Anonymity in Q&A sites
Question answering sites are one of the primary sources on the Internet that attempt to meet this huge information need of the users. Q&A sites like Yahoo! Answers, Quora, Stack Exchange are community efforts that provide answers to questions on a wide range of topics. Some of these sites like Yahoo! Answers and Quora have a unique feature that allows users to post questions anonymously which enables them to ask judgmental or controversial questions freely. Note that these are different from social media sites like * contributed equally to this paper.
Whisper and Secret because while the former allow posts to be both anonymous or non-anonymous depending on the user's preference, the latter allow posts to be strictly anonymous. Quora, in addition, has two interesting and very rich features -(i) the questions can be organized topically that allows the users to search for relevant answers easily and the moderators to manage and route/promote questions to appropriate communities for garnering better answers and (ii) there is an underlying social network that allows user to follow other users, questions and topics. Over the years these have immensely enriched the interactions within the forum thus improving both the question and the answer quality.
Anonymity in Quora contrasts other online forums
Another important point to note here is that while anonymous online forums have been around for a long time, they are plagued by several issues like trolling, relatively small user population, lack of expertise etc. In contrast, Quora does not suffer from these issues. The user base is substantially larger consisting of people from all walks of life many of whom are actually experts in various domains. This fosters a rich atmosphere where people can provide quality answers based on their expertise. Also in the Quora ecosystem, asking questions anonymously is as much acceptable to the community as asking non-anonymously; as high as 38.7% questions are asked anonymously on Quora. Further, the acceptance of a question from the community is dependent on the responses it has received. Consequently, we observe that the mean number of responses for the anonymous and non-anonymous questions on a global scale is approximately 2.86 and 2.99 respectively. Users resort to asking questions anonymously because they feel that it has various benefits like revealing the "truth" 1 or asking sensitive questions like "I am depressed. How do I hide it at school?" without the fear of its repercussions. The practice has become normative and no longer a taboo or something to be looked down upon. Finally, the issue of trolling is also tackled well in Quora through strict regulatory policies enforced by the moderators that are normally adhered to by the community at large.
Key contributions and observations in this paper
Analysis of a large dataset of 5.1 million Quora questions reveals that around 38.7% of them are posted anonymously. This observation forms the primary motivation of the current paper in which we present a detailed and extensive study characterizing the anonymous questions on Quora. We summarize our main contributions and observations in this paper as follows.
• We observe almost no difference between the linguistic structure of the questions posted anonymously and those posted non-anonymously at a global scale.
• We identify a substantial proportion of topical mixing at the global scale i.e., questions that should be apparently posted as anonymous are posted as non-anonymous and vice versa. Oftentimes, such a behavior can be attributed to the user's perspective (Correa et al. 2015) of what should be posted as anonymous and what not.
• As a next step, we "deep dive" into the data, whereby, we (topically) cluster the questions and individually inspect the clusters containing large volumes of anonymous questions and compare them with those that predominantly contain non-anonymous questions. Nuanced linguistic differences start becoming apparent revealing that users extensively query about depression, anxiety, social ties and personal issues under the guise of anonymity.
• Personality trait analysis further reveals that user groups posting anonymous questions show positive correlation with traits like extraversion and agreeableness. In contrast, they seem to bear negative correlation with the trait openness.
• We establish the concept of anonymity grid to identify the differences in the perception of anonymity between the user posting the question and the community answering the same. While personal questions related to sex and love life are both anonymously asked and answered, questions related to job and relationship advice are asked anonymously but answered non-anonymously and questions related to incensed topics like god, religion and politics are asked non-anonymously but answered anonymously.
• We also leverage the concept of First Response Time (FRT) to quantify the time taken for a question to receive its first response; a lower FRT corresponds to a quicker response. We note that although there is no significant difference in the median FRT for anonymous and non-anonymous questions on a global scale, it becomes more pronounced once we topically cluster them. Specifically, the FRT for topics having predominately anonymous questions is sufficiently lower than those with nonanonymous questions. In fact, we observe the lowest FRT for extremely personal topics such as anxiety, depression, sexual violence etc. This demonstrates a high level of community support enhancing user engagement which seem to have evolved into an intrinsic and integral characteristic of Quora, hitherto unreported.
Related work
There have been several research in the past to study anonymity in the online and offline settings. In this section, we present a comprehensive review of the different aspects of anonymity research.
Effects of anonymity
Anonymity can lift inhibition which can lead to unusual acts of kindness or generosity, or it can lead to misbehavior, such as harsh or rude language and acts that are illegal or harmful (Suler 2004) . Christopherson (2007) discusses the positive and the negative effects of anonymity in detail.
There are several studies focusing on the negative aspects of anonymity, such as cyberbullying (Huang and Chou 2010) , aggressive behaviour (Zimbardo 1969) , encouraging suicidal individuals to follow through with their threats (Mann 1981) , hate sites (Chau and Xu 2007) , and many more.
Another set of studies detail the positive aspects of anonymity mainly involving self-disclosure and degree of intimacy. In some research, the absence of interviewer has been found to increase the duration of self-disclosure for participants who were presented with intimate questions (Jourard and Friedman 1970) . Privacy has been shown to have positive effect on human well-being in (Werner, Altman, and Brown 1992) . De et al. (2014) find that anonymity helps users to discuss topics which are considered to be stigma in the real world. People regularly use the protection of anonymity to reduce the social risks and to create different persona online than they exhibit offline (Yurchisin, Watchravesringkan, and McCabe 2005; Bargh, McKenna, and Fitzsimons 2002) . In Yurchisin et al. (2005) , the authors find that the users use online dating services in identity exploration and recreation process. Anonymity also helps in the protection of informants (e.g., whistle-blowers or news sources).
Anonymity in social media
Several social media sites allow options to post content anonymously. Facebook provides 'confession pages' while Yahoo! Answers and Quora allow users to post questions and answers as anonymous. There are several mobile services that allow anonymous sharing like Whisper and Secret.
In Correa et al. (2015) , authors study the sensitivity and types of content posted on Whisper and Twitter. They find that the anonymity of 'whispers' is not binary, implying that the same question text exhibit different levels of anonymity, depending on the user's perception. In addition, they find significant linguistic differences between whispers and tweets. In Birnholtz (2015) , the authors study the questions that are posted on Facebook confession boards (FCBs). They find that users ask about taboo and stigmatized topics and tend to receive relevant responses that are potentially useful and contain less negativity. In Bernstein et al. (2011) , the authors study online ephemerality and anonymity on /b/ board in 4chan. They find that over 90% of the posts in /b/ board are made anonymously. In De Choudhury and De (2014) , the authors study the impact of anonymity on sharing of information related to stigmatic health topics. In Andalibi et al.(2016) , the authors investigate selfdisclosures by sexual abuse survivors and exploring the relationships between anonymity, disclosure, and support seeking by analyzing posts from both throwaway (providing more anonymity) and identified accounts on abuse-related subreddits. In Forte, Andalibi, and Greenstadt(2017) , the authors examine privacy practices and concerns among contributors to open collaboration projects and show that privacy concerns pervade open collaboration projects; risks are perceived both by individuals who occupy central leadership roles in projects. In Ma, Hancock, and Naaman(2016) , the authors conducted an online experiment to study the relationship between content intimacy and willingness to selfdisclose in social media, and how identification and audience type moderate that relationship.
Reasons for anonymity
Internet users tend to care a lot about their privacy. In Kang, Brown, and Kiesler (2013) , the authors interviewed people who use anonymous communication application and found that users predominantly disclose personal information or emotions in the guise of anonymity.
For instance, Internet users cite the following reasons on the Quora Q&A platform for posting anonymous content.
• To avoid other users from forming a bias based on my nationality, age, creed, caste, sexuality, sex etc. while reading my answers 2 .
• Users may not want to reveal information about themselves unnecessarily 3 .
• Many users tend to rather share content anonymously than remain silent in fear of being judgmental or controversial.
Research on Quora
In (Wang et al. 2013) , the authors perform a detailed analysis of Quora. They show that heterogeneity in the user and question graphs are significant contributors to the quality of Quora's knowledge base. They show that the user-topic follow graph generates user interest in browsing and answering general questions, while the related question graph helps concentrate user attention on the most relevant topics. Finally, the user-to-user social network attracts views, and leverages social ties to encourage votes and additional high quality answers. Maity et al. (2015) study the dynamics of temporal growth of topics in Quora and propose a regression model to predict the popularity of a topic. In Patil and Lee (2016) , the authors analyze the behavior of experts and non-experts in five popular topics and extract several features to develop a statistical model which automatically detect experts. In Pan et al. (2013) , the authors study how the non-Q&A social activities of Quorans can be used to gain insight into their answering behavior. In Maity et al. (2017) , the authors find that the use of language while writing the question text can be a very effective means to characterize answerability and it can help in predicting early if a question would eventually be answered. There have been very few studies on anonymity in Quora. In Paskude and Lewkowicz (2015) , the authors analyze the anonymous and non-anonymous answers in the health category of Quora and found that anonymous answers and social appreciation correlates with the answer's length. Our work is different from this as we primarily focus on questions instead of answers.
Present work
Ours is the first large-scale measurement study to characterize anonymity in Quora. We show for the first time that differences that do not feature at the global-scale become apparent when one deep dives into more microscopic analysis and investigate the (topical) clusters that are dense in anonymous questions. We build Anonymity Grid, that takes into consideration both the users and communities perspective on anonymity and provide interesting insights. We also use the concept of first response time and observe that the anonymous questions receive faster responses.
Dataset description
We obtain the Quora dataset from the authors of (Maity, Sahni, and Mukherjee 2015) and build on it to have a massive set of 5,160,765 questions and 488,122 topics (along with the topic logs). The questions contain information regarding the date of creation, the user 4 who has posted the questions and also answered them, the topics assigned to the question etc. 
Rise of anonymity in Quora
In our initial experiments, we measure the prevalence of the usage of the anonymity feature by the Quora users for asking questions. We find from our dataset that approximately 38.7% of the questions have been posted as anonymous. In Figure 1 , we plot the ratio of the questions posted as anonymous to the total number of questions posted over time. Clearly, there is sharp increase in this ratio over time. We looked into some of the anonymity peaks to find the reasons. For example, we looked into the topics responsible for the anonymity peak on May-2010 and found majority of the anonymous questions were posted in topics related to Startups and Entrepreneurship. Similarly, for the anonymity peak in May-2014, the majority of the anonymous questions were asked in topics related to Love, Dating, Sex and Friendship. Furthermore we note that the mean response for anonymous and non-anonymous questions are 2.86 and 2.99 respectively. However, the fraction of anonymous answers garnered by the anonymous questions is 10.29% as opposed to 7.68% by the non-anonymous questions.
Figure 1: Ratio of the anonymous questions to the total number of questions over time. The plotted line is obtained by fitting a quadratic curve through the datapoints while the shaded area represents the 95% confidence interval.
Analysis at the global scale
As an initial step, we segregate the questions into two groups -those that were tagged as anonymous (henceforth 'Anon') and those that were tagged as non-anonymous (henceforth 'Known') and perform analysis on the two groups separately. Question types: We observe that majority of the questions posted on Quora are interrogative sentences. The head word of a question, i.e., words like "what", "why" are a key feature used in traditional question classification (Li et al. 2008; Huang, Thint, and Qin 2008) . We consider any word that occurs at the beginning of a sentence as a head word and we check their frequency of occurrence. In Figure 2a , we illustrate the proportion of these head words in the two question groups -Anon and Known. From the figure, we observe that Anon group tends to feature more "how" type questions than the Known group. This could indicate that the Anon questions are asking for detailed reasons. The Known group tends to feature more "which", "where" and "what" type questions. This indicates that Known group tends to ask for specific information that are open-ended or restricted range of possibilities, or regarding 'some place'. Linguistic analysis: Previous literature on anonymity (Correa et al. 2015; Birnholtz, Merola, and Paul 2015) have noted that there are significant differences between the text posted as Anon and those posted as Known. We thus attempt to verify whether this claim holds for Quora as well. To this end, we consider the two groups of question text -one comprising all questions tagged as Anon while the other comprising all questions tagged as Known. For each group we perform the following linguistic analysis namely, standard POS tag analysis (i.e., the fraction of different parts-of-speech in the text), 5 , sentiment analysis 6 (i.e., the fraction of positive, negative and neutral sentiment words in the text) and LIWC analysis 7 (i.e., the fraction of words in different linguistic and cognitive dimensions identified by the LIWC tool) on the question text. Finally, we look for statistically significant differences between these two groups with respect to each of the above analysis. As the size of our sample is very large, standard t-test would be very ineffective as it will transform small differences into statistically significant differences -even when they are practically insignificant (Faber and Fonseca 2014) . Therefore, we use Cohen's d (Cohen 1988 ) to find differences that are practically significant. We do not find evidence of strong differences between the two groups. These findings are in agreement with the previous research done on Quora (Paskuda and Lewkowicz 2015) . In Table 2 we note those fractions that are mildly significant (as per the Cohen's d-test).
Cohen's d: The Cohen's d test is primarily used to measure the effect size, which is an estimate of the strength of the relationship of two variables. Given the mean and standard deviation of two populations, denoted by µ 1 and σ 1 and µ 2 and σ 2 respectively, the Cohen's d-test is the ratio of the difference between their means to their pooled standard deviation, more succinctly represented by the following expression d = µ 2 −µ 1 σ 2 1 +σ 2 2 2 A Cohen's d-value of magnitude 0.2 indicates small effect, 0.5 indicates medium effect while 0.8 signifies large effect.
Diff(%):
We use the metric Dif f (%) in a way similar to (Correa et al. 2015) Absence of significant linguistic differences at the global scale Correa et al. (2015) acknowledges that anonymity is not a binary concept and it is perceived differently by different people. The veracity of the above claim is established upon closer examination of the Anon and Known questions in our dataset. We note instances of Known questions that talk about topics prevalently associated with some form of stigma or taboo. Some Anon questions, on the other hand, seem to be very general in nature. The question 'What building is similar to the Taj Mahal in form?' is tagged anonymously but the associated topics of the question have predominately non-anonymous questions. The reverse also holds true for the question 'How do I get rid of mental depression?' which was tagged non-anonymously. This ambiguity arises since we expect the anonymity of a question to be representative of its associated topics, which need not necessarily hold true. Table 3 shows more examples of such 'ambiguously' tagged questions. To quantify this ambiguity, we introduce the concept of anonymity ratio (a r ) for a topic and subsequently, the Question Anonymity Score (QAS) for a question. We then illustrate the principle of global scale topical mixing using these concepts.
Topical mixing at global scale
We define the anonymity ratio (a r ) of a topic as the ratio of the anonymous questions to the total questions in that topic. So, each topic will have an a r , with value between zero and one with one signifying that all the questions posted in this topic are anonymous. Next, we use the a r to the check the anonymity of a question. The anonymity score for a question, which we term the 'Question Anonymity Score (QAS)' is defined as the mean a r of all the topics that the question is tagged with. Thus, if a question is tagged with topics that have high a r , the question will also receive a high QAS. We divide the questions into two sets based on whether the question was posted as anonymous or non-anonymous, Anon and Known respectively. Figure 3 shows the distribution of QAS associated with the Anon and the Known questions. As seen from the figure, there is a huge overlap between the Anon and the Known questions. We refer to this phenomenon as 'topical mixing' and reckon that this is the primary reason why we do not observe a significant difference between the Anon and the Known groups at the global scale. This forms the primary motivation for 'deep-dive' into anonymity. 
Topical anonymity
The lack of significant difference between the Known and the Anon group at the global scale further motivated us in making more granular investigations. One way to make such fine-grained investigation would be to analyze a group of questions together. We therefore attempt to group the questions in topical clusters and study their characteristics. We make use of the topics assigned to the questions for this purpose.
Quora topic based clusters (TC)
Topics assigned by users impose one such natural grouping on the questions. We consider only those topics which have at least 20 questions to ensure that the topic is sufficiently represented. 
Analysis of the topical clusters
The topic based clustering aims at segregating the Quora questions into three major types of clusters -(i) those that contain predominantly anonymous questions which we call anonymous clusters (ii) those that contain predominantly non-anonymous questions which we call non-anonymous clusters and (iii) those that we call neutral clusters and are somewhere in between (i) and (ii). We reuse the definition of anonymity ratio (a r ) of a cluster as the ratio of the anonymous questions to the total questions in that cluster. Let the mean a r across all the clusters be denoted by µ ar ; similarly, let the standard deviation be denoted by σ ar . We define a cluster as anonymous (Anon) if its a r ≥ µ ar + σ ar . Similarly, we call a cluster non-anonymous (Known) if a r ≤ µ ar − σ ar . The clusters having a r values in between these two extremes are the neutral ones. Table 4 lists some of the properties of the clusters generated. Figure  4 plots the distribution of a r for the clusters.
In the following, we repeat the analysis earlier reported at the global scale for each of the Anon and the Known clusters. Question types: We observe that the differences in the head word distribution becomes more prominent in topical clusters as shown in Figure 2b . Specifically questions that start with 'I' are more prominent among the Anon group than the Known ones. Word usage We observe that the average word count for the Anon clusters is 15.17, while for Known clusters it is 13.81. This is due to the questions being more expressive in the Anon clusters. As we observe from the word cloud of the Anon clusters in Figure 5a , people tend to use anonymity for personal questions like those related to relationship, job, love, etc., while users ask questions non-anonymously for general topics such as space, technology, Quora etc. (see Figure 5b ).
POS analysis
To inspect any linguistic differences in the framing of question texts, we analyze the usage of POS tags in the question texts. We compute the distribution of different POS tags (the simple POS tags follow the Universal Dependency Scheme 8 while the finer categories correspond to the OntoNotes 5 version 9 of the Penn Treebank tag set) for both the Anon and the Known topics. We observe from Table 5 that the tags like verbs and pronouns strongly prevail in the Anon topics, while nouns seem to be in higher usage in Known topics. The questions in Anon cluster use more pronouns indicating that people use anonymity to ask more personal questions. The higher presence of VB and VBP in the Anon cluster express questions about habits and routines, thoughts and feelings 10 . The lower presence of nouns in Anon cluster is unsurprising since anonymous users would prefer not to disclose their identities by referring to persons, facilities, locations etc. 
Sentiment analysis
We perform sentiment analysis of the question text across clusters using VADER (Hutto and Gilbert 2014) to obtain the distribution of the positive, negative and neutral sentiments across the different clusters. We observe from Table 6 that a major proportion of questions in both the Anon and the Known clusters have neutral sentiments (82.6% and 87.4% respectively). However, questions in the Anon clusters have relatively higher (75.28%, Cohen's d ∼ 0.25) negative sentiments as compared to the Known clusters. These results are in correspondence with past observations that anonymous content generally bear more negative sentiments (Correa et al. 2015) .
Psycholinguistic analysis In this section, we first perform LIWC analysis of the question text across the Known and the Anon clusters. We report the significantly different categories in Table 7 . The categories which occur in significant higher proportions in the Anon clusters are intensely personal ('I', 'Ppron (Personal Pronouns)', 'Body') and refer to relationships and social ties ('friends', 'family', 'sexual'). Categories predominant in non-anonymous clusters ('leisure', 'space') refer to impersonal general topics like games, sports, party, travel and the like. We also use Empath (Fast, Chen, and Bernstein 2016) to lexically analyze text across more than 200 pre-trained categories. The questions in Known clusters have a higher proportion of words related to 'vehicle air travel', 'car', 'war', 'magic', 'military', 'terrorism' and 'technology'. On the other hand, the Anon clusters have more words related to 'pain', 'masculine', 'affection', 'childish', 'youth', 'positive emotion', 'feminine', 'love', 'wedding', 'children', 'sexual' and 'friends'. These results are in agreement with the previous observations that the Anon clusters talk more about personal questions whereas the Known clusters talk more about general questions.
Personality analysis In this section, we use the outcomes of the LIWC analysis in the previous section to identify personality traits of the users posting questions in those clusters. Since it is well-known that the personality of a person influences the dis-inhibition effect (Suler 2004) , we build up on the research of Yarkoni (2010) to find differences in personality traits. We use the Big-five personality traits method (Costa and McCrae 1992) and follow a method similar to that outlined in Bhattacharya and Ganguly (2016) to identify the personality. For readability we describe the Bigfive method in brief below. Big-five personality traits: The Big-five personality traits (Costa and McCrae 1992) is a mechanism to model human personality along five broad dimensions: 'openness', 'conscientiousness', 'extraversion', 'agreeableness', and 'neuroticism'. Each of these individually refer to five different and non-overlapping personality traits related to human behavior. Here, we try to characterize the differences in the user personality when they post a question as anonymous compared to when they post a question as nonanonymous. Since, we don't have the information about the users (when they post as anonymous), we perform the personality analysis at the cluster level. Discovering personality traits: We follow a method similar to that outlined in Bhattacharya and Ganguly (2016) to identify the traits. For both Anon and Known clusters, we first compute the mean percentage of words belonging to the different LIWC categories. As we want to study the personality traits of the Anon cluster, we select only those LIWC categories which maintain a significant positive difference between the Anon and Known group. The positive significance is determined by a Cohen's d value of at least 0.2. Next, for each LIWC category we look for personality traits that are shown to have strong correlations in Yarkoni(2010) and associate it either positively or negative. For example, the LIWC categories 'sexual', 'body' and 'friends' are known to positively correlate with the Big-five trait 'extraversion' (Yarkoni 2010) . Now, if the Anon clusters maintain the significant Cohen's d value with respect to the Known clusters for these three LIWC categories, then we would resolve that the users posting in the Anon clusters would exhibit more 'extraversion' in their behavior. Key insights: The observations for the personality analysis are displayed in Table 8 . A +x (−y) in the first row of the table indicates the number of significant LIWC categories that positively (negatively) correlate with the personality trait 'extraversion'. Note that x + y is the total number of LIWC categories that maintain a Cohen's d value of ≥ 0.2 between the Anon and the Known clusters. We see, that the Anon group has positive correlation with 'extraversion' and'agreeableness'. In contrast, it seems to be negatively correlated to 'openness'. People who have a higher score in 'extraversion' tend to be more assertive, bold and enthusiastic. Likewise, those scoring high on 'agreeableness' tend to be more trustworthy and straightforward. These traits are strongly correlated to the anonymous users, who are more expressive since they do not have the fear of being judged. In contrast, people who score high on 'openness' tend to have a general appreciation for art, sports, adventure, unusual ideas, imagination, curiosity, and variety of experience, which are shown to be less pronounced in the Anon clusters.
However, the predictions for 'conscientiousness' and 'neuroticism' are not clear from the results in Table 8 
Characterizing topics via response ratio difference
So far, we have represented a topic solely by the proportion of anonymous questions, without accounting for the responses garnered by the questions. We acknowledge that the anonymous and non-anonymous questions that constitute a topic need not behave in a similar fashion in terms of number or speed of responses. This motivates us to further "deep dive", wherein we quantify the topics in terms of the responses received by the anonymous and non-anonymous questions in that topic. We estimate the difference in the response ratio (d r ) for every cluster which is defined as follows - If the difference in response ratio (d r ) is positive (negative) then it indicates that the volume of answers corresponding to the anonymous questions within a topic is more (less) than the volume of answers corresponding to the nonanonymous questions. In Figure 6 , we illustrate this difference in response ratio across the different Known and Anon clusters.
Definition of the extreme topics Let the mean d r across all the topics be denoted by µ dr ; similarly, let the standard deviation be denoted by σ dr . We define a topic as positive if its d r ≥ µ dr + σ dr . Similarly, we call a topic as negative if d r ≤ µ dr − σ dr . Using this definition, we can have four groups based on the the topic belonging to the Anon or Known clusters. These four groups are :
• Anon Positive (#clusters = 357) -Self-Medication, Borderline Personality Disorder, Burkha, Jealousy, Sexual Violence, Dealing with Loneliness, Adult Breastfeeding.
• Anon Negative (#clusters = 435) -Dramatic Irony, Rednecks, Pet Advice, Bollywood Gossip, Wedding Night, Canadian Expatriates, Inside IIT, Ground Beef.
• Known Positive (#clusters = 494) -Hypothetical Situation, Evolutionists, Collectivism and Individualism, Atheist Republic, China and Japan Tension, Bizarre Foods.
• Known Negative (#clusters = 430) -Dialog Systems (software), Anachronisms, Competitor Research, Cricket Matches, Nobel Peace Prize Laureates, Life Experiences.
The Anon Positive group (i.e., the Anon clusters wherein the volume of answers garnered by the anonymous questions is much higher than the volume of answers garnered by the non-anonymous questions ) presents highly sensitive and personal topics such as mental illness and depression, whereas the Known Negative group (i.e., the Known clusters wherein the volume of answers garnered by the nonanonymous questions is much higher than the volume of answers garnered by the anonymous questions) abounds in impersonal and general topics like technology. For our analysis, these two groups are the most important. Table 9 shows some representative questions from these two extremes.
Linguistic analysis of the extremes We carry out the linguistic analysis, as performed in the previous section, on the topical extremes. The numbers in the parenthesis below indicate the significance in the differences in terms of Cohen's d. POS-TAG analysis shows that the differences in noun (-0.43), proper-noun (-0.22 ) and pronoun (0.54) categories have got amplified. We also find significant (0.233) increase in the proportion of negative sentiments in the positive Anon class. Some of the LIWC categories with amplified positive differences are 'family' (0.32), 'friends' (0.29), 'humans' (0.52), 'I' (0.53), 'Ppron' (0.56), 'sexual' (0.37). Likewise, the EMPATH categories which have also been amplified are 'politics' (-0.212), 'fun' (-0.202), 'youth' (0.39), 'wedding' (0.44) and 'children' (0.42) . The observations show that the linguistic differences are indeed more pronounced amongst these two groups.
Community perspective of anonymity Anonymity of answers
Thus far we have been designating a question as anonymous if the user posting the question would tag it as anonymous. This is therefore the user's perception about the question. In this discussion, we would like to point out that there could be a community perception about the same question and this might well be different from the individual's perception. One way to quantify the perception of the community could be to observe the level of anonymity in the answers garnered by a question. Next we define this concept precisely.
For every question posted by a user, we compute the number of answers garnered by it. We note that it is possible that a question actually posted as anonymous can have a larger proportion of answers that are non-anonymous. The individual perception of the user asking the question therefore, in this case, is different from the community (i.e., users answering the question) perception. While the individual might keep himself/herself anonymous owing to some form of perceived stigma/taboo associated with the question, the community might not resonate with the same perception. Similarly, the other side of the coin is also equally possible, i.e., a question actually posted as non-anonymous by a user might garner a high proportion of anonymous answers. Based on this categorization, one can easily conceive of an anonymity grid as follows.
Anonymity grid
To better understand this, we combine the user and the community perspective of anonymity. The four groups so formed -(i) (question Anon, answer Anon), (ii) (question Anon, answer Known), (iii) (question Known, answer Anon) and (iv) (question Known, answer Known) constitute a 2 × 2 table which we refer to as the anonymity grid. In Table 10 , we report some of the representative Quora topics in each of these four classes. We observe that most of the taboo and sensitive topics correspond to the class (i) while the most general topics correspond to the class (iv).
In order to find topics which belong to the different groups in the anonymity grid, we first filter out all the topics which have less than 1000 questions. Then, for each topic we find Positive Anon Negative Known Has anyone with borderline personality disorder ever tried electroconvulsive therapy?
How does the "siri clone" cydia sara actually work, technically speaking? Why do people with bpd need to move so frequently?
Are there any chatbots based on irc logs? How did you find out you have borderline personality disorder?
What is the difference between wit.ai, api.ai, and askziggy? Can my borderline husband feel the depth of love that i feel Can you train a content corpus in bluemix? How do you tell the differences between bpd, histronic, narcissism, antisocial, and bipolar?
What are examples of dialog systems based on the tasks of natural language processing How can people with bpd make rational decisions?
What's good and bad about chatbots" Are there degrees of borderline personality disorder like on a spectrum? What are important and useful papers to read on dialogue systems? the fraction of questions in each of the cell in the anonymity grid. We then simply rank the topics in each cell based on this fraction. Table 10 shows the top 20 topics in each cell of the grid. The topics obtained as a result of the ranking algorithm resonate well with our expectations.
• The category (question Anon, answer Anon) has a large proportion of topics pertaining to relationships, sex, dating etc. which are highly sensitive and thus justifiably anonymous in terms of both questions and answers.
• The category (question Anon, answer Known) contains topics related to health, jobs, careers, personal grooming, pets etc. It has questions which are highly personal to the user (e.g., 'How do i get rid of acne?') who wish to seek advice anonymously. The thriving userbase of Quora which has many domain experts and the desire for social recognition drives the answers in this category to be predominantly non-anonymous.
• The category (question Known, answer Anon) contains topics like politics, religion and experience/advice. Answers in such topics might often lead to controversy and could generate backlash for the user. Thus, these questions are often answered anonymously although the question itself is posted as non-anonymous, since the main target of the backlash and controversy are the answerers and not the user posting the question.
• The category (question Known, answer Known) contains very general topics like sports, science and technology etc. where both the answers and questions are posted nonanonymously.
First Response Time
In addition to observing the number of responses garnered by a question, it is also interesting to note the first response time (henceforth FRT). We define FRT of a question as the amount of time elapsed (in hours) between posting the question and receiving the first response. We can then compare the FRT of the anonymous questions and non-anonymous questions within a topic by observing their corresponding median FRT. We consider the median FRT to prevent the skewness arising from unanswered questions or questions answered after a long period of time (1-2 years).
FRT for the global and topical scale
We present a comparison of the FRT for the anonymous and non-anonymous questions on the global, topical and extremes level in Table 11 
FRT for the anonymity grid
We consider the top 50 representative topics of each cell in the anonymity grid (described in earlier section). We then observe the differences in FRT of the anonymous and nonanonymous questions (of the representative topics) for each cell, as shown in Table 12 . The categories in Table 12 correspond to Anon question and Anon answer (Anon-Anon), Anon question and Known answer (Anon-Known), Known question and Anon answer (Known-Anon) and Known question and Known answer (Known-Known).
It is interesting to note that the rows (1,3) which have a comparatively higher proportion of anonymous answers have a lower median FRT as compared to rows (2,4) which have a higher proportion of non-anonymous answers. This hints that the community's perspective of anonymity could be more instrumental in determining the response time of a question than an individual's.
FRT and community support
A pertinent observation from the Tables 11 and 12 is that the lowest median FRT is observed for the Anon Positive (3.34 hours) and Anon-Anon group (1.28 hours). The topics in these groups are extremely sensitive and deal with personal issues like 'depression', 'relationship advice', 'selfmedication', 'love' etc. The extreme low values of FRT for the anonymous questions in these topics is indicative of the community's support. It also encourages users to post anonymously without the fear of backlash and judgement and fosters user engagement.
Category
Anon questions
Known questions
Diff (in %) 
Conclusions and future works
In this paper, we performed a large scale anonymity analysis on the popular Q&A site Quora and found that on a global scale, no significant differences exists between the anonymous and non-anonymous questions. However, nuanced linguistic and psycholinguistic differences become prominent when we topically cluster the questions. We observed that clusters with higher proportion of anonymous questions, have relatively higher negative sentiments and express more personal and sensitive information as opposed to those with higher proportion of non-anonymous questions. We also introduced the idea of an anonymity grid and studied how the perception of anonymity of the user posting the question differs from the community that answers it. We further introduced the concept of First Response Time and observed that clusters with high fraction of anonymous questions get faster response. In fact the fastest response is observed for the extremely personal topics related to anxiety, depression, sexual violence and is thus indicative of the community's support, thereby, fostering user engagement. As a part of future work, we would investigate the temporal aspects of anonymity. Specifically, we would like to ask what kind of changes does a topic undergo from the perspective of anonymity. There would be some topics which would have been predominantly anonymous initially, but as the society progresses and social norms change, people might start to post questions/answers non-anonymously in that topic causing a gradual shift in the anonymity ratio of the topic. Another interesting direction would be to analyze the anonymity from a demographic and gender perspective using APIs such as NamePrism 11 and Genderize.io 12 respectively.
